form evolves, often called the`isotropic plane', with a uniformly distributed population and no boundary effects.
Beyond the monocentric city or system of isolated cities, Gottmann (1961) first presented the idea of the coalescence of towns and cities into urban regions in his book Megalopolis, in which he empirically described an emerging urban corridor stretching from Washington DC to Boston. Megalopolis was driven by social and economic factors, and was not primarily a spatial model. Contemporary urbanization in the developed world, and indeed in the rapidly growing cities of the developing world, now seems dominated by this agglomeration rather than by the frontier spread of new settlementsöeven in areas such as Amazonia. Therefore, recent work has been more centered on the dynamics of form, and on the linking of form with processes driven by factors that originate at multiple scales within the urban system. An analysis of urban growth that provides some means of accounting for the`path dependency of system evolution', stemming from influential factors such as the initial conditions, or distortions caused by random events and nonuniform landscapes, would be a valuable research contribution (Verburg et al, in press ). Batty and Longley (1994) considered urban growth as a cellular fractal stochastic process, which had already been described in physics as diffusion-limited aggregation (DLA). DLA yields spatial forms that are the result of growth by constrained diffusion. In this model, particles (or urban areas) spread randomly outward from a center and may find locales for establishment at the edge of the current form, resulting in a dendritic pattern of spreadöwith seeds growing outward like tentacles from an initial center. This model was based on the cellular framework outlined by Tobler (1979) , and has provided the basis for growth patterns found in several urban models (Maske et al, 1995) . Inherent in the DLA approach developed by Batty and Longley (1994) are the two spatial forms/processes that drive growth: diffusion and coalescence. Diffusion is defined as a process in which particles disperse, moving from regions of higher density to regions of lower density. In the spatial growth context, of course, no actual motion takes place but new urban areas are dispersed from the origin point or`seed' location. Coalescence is the union of individual entities into one body, form, or group; or the growing together of parts. The`growing together of parts' definition most suits the type of coalescence exhibited by an expanding urban area. In this paper we explore the complex interaction between these processes in the context of urban growth.
Geographers have long examined similar processes, in innovation diffusion (Ha« gerstrand, 1967) , and the propagation of contagious disease (Gould, 1993) . Also, a component of the DLA is scale sensitivity. Batty and Longley (1994) made a sound conceptual link between the spatial spreading process and fractal forms: that is, a form that behaves in the same way statistically at a range of spatial scales. In models of dynamic urban processes, especially those involving cellular automata, it has generally been assumed that forms that are equivalent across scale are generated. In these models change is treated linearly, with the resulting pattern being the consequence of an equilibrium that cannot be extended over long time periods (Verburg et al, in press) .
Rarely has the scaling of model applications been subjected to empirical testing. Scaling relationships are deeply embedded in the classical theories of Zipf, Christaller, and Lo« sch, but scaling relationships are essentially only emergent properties in cellular models. Urban modeling and theories of urban dynamics have been used to address a variety of spatial scales, including global and superregional urban networks, metropolitan agglomerations, as well as urban growth and land-use change within individual cities at the local level (Alberti, 1999; Alberti and Waddell, 2000) . Given the rapidly increasing array of available data sources that portray urban extent, spatial urban dynamics can now be observed and mapped at almost any scale. For this reason it is important to develop a multiscale model that will support the study of cross-scale urban growth dynamics to address some of the modeling limitations first identified by Lee (1973; 1994) . There is also a significant gap between models for processing remotely sensed images to yield data on urban land use, such as work based on Ridd's (1995) vegetation-impervious-surface-soil (VIS) framework, and theory for understanding urban growth. Our proposed model and the approach used in this paper fill the gap, and provide the foundation for future work in this area.
Knowledge about the operational scale(s) of urban form and process, and the interaction and parallelism among different scales, is poor. This line of research was theoretically touched on in the late 1960s and early 1970s, but has not been followed up since the revitalization of urban growth models (Bourne, 1971; Boyce, 1966; Guttenberg, 1964) . Guttenberg (1964) , for example, described the drivers of urbanization, which contribute to urban form. His early work hints at scaling relationships in urbanization, and he discussed the``gradual adjustment of the regional structure to a larger territorial scale'' (pages 205^206). Changes in the spatial scale may strongly impact modeled interactions, and may result in an inappropriate representation of specific processes of interest and their impact on model results. For example, at the street scale, neighborhood social and economic factors are far more likely to influence change than they are at the citywide or regional metropolitan scale. Because of the fact that most modelbased studies of urban growth follow the`one scale, one extent' mantra that has guided research into urban growth dynamics for so long, the cross-scale dynamics of the urbanization process have not been directly addressed (Verburg et al, 2005) . Most valuable for the future will be the ability to scale up one model from fine-scale data sources to coarser scales, allowing for the study of interactions at the regional, continental, and, eventually, global scale. Should this prove possible, such a model and the theoretical framework supporting it might indeed be called`universal'. We suggest that the scaling process and the coalescence^diffusion relationship in urban dynamics are cyclical. We are not the first to suggest a harmonic repetition: an analogy to ocean waves was developed for describing the spatiotemporal characteristics of urban growth by Boyce (1966) and by Blumenfeld (1954) . Borrowing wave concepts from physics to simulate the urbanization process was originally proposed as a way to compensate for the lack of consideration of dynamics in the urbanization process in prevalent theory (Batty and Longley, 1994) .
More recently, Dietzel et al (2005) have built on the work of Boyce (1966) and Blumenfeld (1954) , proposing a more formal theory of spatiotemporal urban growth dynamics, which suggests that the process of urban growth can be characterized into two phases: diffusion and coalescence. This theory suggests that the processes are continuously observable, even after a landscape becomes completely urbanized, simply by scaling up to cover a greater spatial area. Initial work, in which time-series data from the Central Valley of California were used, showed that the processes of diffusion and coalescence were observable on a 100-year timescale. The lack of a sufficiently long time series of historical data led to the use of modeling results in the extension of the time span of analysis, formalization, and illustration of the theory; but the hypothesized patterns were not definitively observable in the data. These results fostered the current research. Assuming the theoretical basis for this theory of diffusion and coalescence is correct, the hypothesized patterns should be more readily observable in a rapidly urbanizing area over a shorter time span.
With the aid of spatial metric analysis, the spatiotemporal pattern of urban growth in the Houston metropolitan area of the United States was examined to determine if it exhibited any of the quantitative measures characteristic of diffusion and coalescence. The time span of the study was from 1974 to 2002. The study was based on remotely sensed data used in the application of the SLEUTH urban growth model (Clarke et al, 1997) to the Houston (Texas, USA) metropolitan area.
Urban diffusion and coalescence
The spatial evolution of cities can be described as a two-phase process of diffusion and coalescence (Dietzel et al, 2005) . In the proposed model, the evolution of a city starts with the expansion of an urban seed, or core area. As this seed grows, it diffuses (grows) to new urban centers öor cores. As the process of diffusion continues, it is paralleled by organic growth which leads to expansion away from existing urban areas and the infilling of gaps in between them. This theoretical approach is different from a classical physics model of a diffusion process because, once established, no single zonè moves' or deurbanizes. The model is more analogous to spilling a viscous liquid onto a surface, without evaporation: the liquid splashes outward and spreads at the same time.
As the urban system evolves, there comes a point at which the urban areas have become so diffuse that they begin to coalesce towards a saturated urban landscape. The full build-out of the urban landscape can also be seen as a seed urban area for the hypothesized model to evolve at a coarser spatial scale. This process of`scaling up' is similar to the concept found in traditional urban studies, whereby the spatial extent is changed through the use of concentric rings, or increasing distances, around a central urban core or between urban centers (Blumenfeld, 1954; Luck and Wu, 2002 Figure 1 . The hypothetical wave patterns of the harmonic oscillation between the spatiotemporal process of urban diffusion and coalescence. The waves of diffusion are accompanied by declines in metric signatures for nearest-neighbor distance and number of urban patches. Conversely, coalescence is indicated by increases in the values of these metrics. Contagion is expected to decrease until the landscape becomes more urban than rural, at which point it increases again.
Through the use of spatial metrics, the hypothesized process of urban growth (figure 1) can be detected. Spatial metrics are quantitative measurements derived from digital categorical maps that quantify the spatial patterns and structure of a landscape at a specific scale and resolution. Calculation of these measures is based on a definitive, patch-based depiction of the landscape as developed for landscape ecology (Gustafson, 1998) . Patches are homogeneous regions comprised of one category, such as`urban',`forest', or`water'. This perspective involves the assumption that there are sudden spatial transitions between individual patches, which result in distinct edges with no gradual change between categories.
The spatiotemporal characteristics for a hypothetical cycle of urbanization and uniform isotropic growth at a fixed scale are shown in figure 1. The graph reflects the influence of diffusion in the early stages of urbanization. The heterogeneity of the landscape, described by the contagion metric, is hypothesized to be highest in the transitional period of development, when the system is switching from being dominated by diffusion to coalescence. As coalescence increases, the heterogeneity of the landscape decreases until it is completely urbanized. In the early stages of diffusion, the nearest-neighbor distances between individual urban patches are highest and decrease until more individual urban areas are distributed and a peak in urban patch density occurs. With the onset of coalescence, the decrease in the nearest-neighbor distances is less significant because nearby patches are the first to aggregate spatially. A high urban patch density is characteristic of the dominance of diffusion, and decreases once coalescence begins. During this time the difference between the total urban area and the amount of urban land in the urban core is highest because urban areas are the most spatially dispersed. The edge density peaks when the process of coalescence results in larger, heterogeneous urban agglomerations, and then decreases as the process moves towards the complete urbanization of the landscape.
This hypothesized process of spatiotemporal urban dynamics stresses that the spatial evolution of urban areas oscillates between diffusion and coalescence of individual urban areas in relation to the urban core. The patterns represent the dynamics at a defined spatial extent, but it could be expected that similar growth characteristics could be observed for varying spatial extents. The growth periodicity is expected to be longer with increasing distance from the central core, as has been suggested by Alonso (1964) and White et al (2001) .
Twelve spatial metrics were used to evaluate the presence of the hypothesized process: number of patches; patch density; total number of edges; edge density; landscape-shape index; largest-patch index; mean patch area; perimeter-to-area fractal dimension; perimeter-to-area mean fractal dimension; mean patch fractal dimension; mean Euclidean nearest-neighbor distance; and contagion. It was believed that there are four metrics that identify the presence of harmonic urban dynamics through time: number of urban patches; mean patch size; patch density; and mean Euclidean nearestneighbor distanceöbut the additional metrics were tested to see if there were others that could also be useful. Theoretically, the analysis based on the four metrics should result in the identification of two temporal waves that are typical of the hypothesized process (figure 1). These waves will have the same amplitude and wavelength, but will be offset by half of the periodicity. As urbanization spreads from an initial core, the number of patches should increase until a process of coalescence takes over, merging the patches back together. The process should then repeat itself, so that there is an oscillation between higher and lower numbers of urban patches through timeödepend-ing on whether the system is in a phase of diffusion or coalescence. Patch density should exhibit similar behavior: decreasing during periods of diffusion, and increasing during coalescence. These two metrics characterize the first wave. The second wave is evident in the mean patch size and Euclidean nearest-neighbor distance. These two metrics should exhibit similar trends, but function as a mirror image of the trends exhibited by the number of patches and patch density. As a system is undergoing diffusion (increase in the number of urban patches), the mean patch size will decrease, and then increase as the system coalesces. The same happens for the Euclidean nearest-neighbor distance: during the initial stages of diffusion, the nearest-neighbor distances between individual urban patches are highest, and decrease as diffusion occurs until they reach their minimum. This point represents the start of coalescence and the merging together of urban patches. The total amount of urbanized area is assumed to be increasing throughout this process.
Compared with previous work developing the theory of urban diffusion and coalescence, in this paper we research a much more rapidly growing region: the Houston (Texas) metropolitan area, over a thirty-year period. With the aid of the FRAGSTATS program (McGarigal et al, 2002) , spatial metrics were calculated to derive the spatiotemporal patterns of urban growth at a fixed extent. The results suggest that the hypothesized process of diffusion and coalescence may occur over shorter time periods than was previously thought. Although the findings are just for one city, it is logical to suggest that the same processes may occur in other citiesöbut possibly at different spatiotemporal scales. The results presented provide strong empirical evidence that the theoretical patterns of urban growth hypothesized in Dietzel et al (2005) , are real and are readily observable. (Clemonds and Liu, 2004) . Data on the urban extent of this rapidly growing region were collected for 1974, 1984, 1992, and 2002 , and used as input data for the SLEUTH urban growth model (Clarke et al, 1997) as part of a research initiative to forecast urbanization and land-use change for the region. The almost regular interval of observations for Houston made the data ideally suited for investigating the processes of urban diffusion and coalescence; and to test whether they occur in time periods of less than one hundred years in a rapidly growing region. As there was no precedent to determine the time scale necessary for determining if diffusion and coales cence were present, the use of four time periods allowed for the detection of one and a half complete cyclesöif the hypothesized processes did occur. Requirement for the detection of one and a half cycles to confirm the hypothesized model of urban growth ensured that the results were not caused by noise around a constant trend in urbanization.
The Houston metropolitan region was defined as comprised of Waller, Montgomery, Fort Bend, Harris, Liberty, Brazoria, Galveston, and Chambers Counties. The urban extents for 1974 and 1984 were derived from four Landsat Multispectral Scanner (MSS) Triplicate scenes (25:39, 40 and 26:39, 30) with 60 m spatial resolution. The Iterative Self-Organizing Data Analysis Technique (ISODATA) clustering algorithm was used to perform an unsupervised classification of the images into urban/nonurban, with a convergence threshold of 0.95, and a maximum of thirty iterations. Once classified, the MSS scenes were mosaiced to create urban extent layers for the entire study area. Urban extent for 1992 was derived from the National Land Cover Dataset (NLCD) (http://landcover.usgs.gov/index.asp), with a spatial resolution of 30 m, and the land classified into twenty-one classes by the two-digit NLCD classification system. These twenty-one classes were then reclassified into six broader land-use categories (table 1). These included an urban class that was the aggregate of low-intensity residential, high-intensity residential, and commercial/industrial/transportation. To derive urban extent for 2002, a land-use data layer was compiled from three Landsat Enhanced Thematic Mapper (ETM) scenes (25:39, 40 and 26:39, 30) , with a spatial resolution of 30 m. The images were classified into the six land-use classes in table 1 with the aid of the ISODATA unsupervised classification technique; they were then mosaiced together to form one image. Table 2 Although the original use of these data was as input for the SLEUTH model, SLEUTH was not used in any capacity for the analysis presented here. Because of the processing time required for the calibration of the SLEUTH model, the spatial resolution of the data were resampled from 30 m to 100 m by means of the nearestneighbor technique. This resampling method was chosen because it does not alter the cell values by averaging: instead, during resampling the nearest-cell value is assigned to the target cell. The use of the nearest-neighbor method may have introduced artifacts into the dataöa modal filter may have been more appropriate. However, the data were initially gathered for another project in which sampling by the nearest-neighbor method was suitable. It was not thought that after processing these techniques would have a significant, if any, impact on the detection of the processes of urban diffusion and coalescence when the data were used to test the hypothesized model, as a 7 Â 7 kernel-size majority filter was used to smooth the image slightly. The final image sizes were 1843 Â 2100 (width Â height). At 100 m resolution, each image of urban extent covered an area of 387 km 2 , with a total of 3.87 million pixels. It is not thought that the use of the 7 Â 7 filter had a significant impact on the results. If anything, the slight smoothing may have reduced the amount of diffusion and increased the coalescence observed.
Binary grids of urban/nonurban were derived from these input data for use in the spatial analysis program FRAGSTATS (McGarigal et al, 2002 ) (figure 3). Measures of the number of patches, patch density, total number of edges, edge density, landscapeshape index, large-patch index, mean patch area, perimeter-to-area fractal dimension, perimeter-to-area mean fractal division, mean patch fractal dimension, mean Euclidean nearest-neighbor distance, and contagion, were calculated for all years. The selection of metrics was based on those identified in previous research on spatial metric analysis of urban areas (Alberti and Waddell, 2000; Herold et al, 2003) , and from the theoretical assumptions, although admittedly other metrics may be useful. Although some of these spatial metrics are related to or correlated with other metrics (for example, number of patches and patch density), our final conclusions were based on the mean Euclidean nearest-neighbor distance and number of patchesötwo metrics for which the calculation is not correlated. A more detailed description, including the mathematical equations, for all of the metrics can be found in McGarigal et al, 2002 .
Landscape metrics
Landscape ecologists have played a critical role in the development of spatial metrics for the analysis of spatial patterns, such as deforestation and land-use change (O'Neill et al, 1988) . When spatial metrics are used for landscape analysis, landscapes are viewed as a mosaic of patches. Spatial metrics can be used to quantify the spatial heterogeneity of individual patches, all patches in a class, and the landscape as a collection of patches. Some metrics are spatially nonexplict scalar values, but still capture important spatial propertiesösuch as number of patches. Spatially explicit metrics can be computed as patch-based indices (for example, size, shape, edge length, patch density, fractal dimension) or as pixel-based indices (for example, contagion) computed for all pixels in a patch. Spatial metrics have proved an invaluable tool for measuring composition and spatial pattern at one or many points in time, allowing the examination of pattern processes occurring at various geographic and temporal scales.
Although four metrics (figure 1) were used for this research, twelve landscape metrics were calculated to determine if other metrics might aid in identifying stages of diffusion and coalescence. An eight-cell window was used to calculate the metrics, and the landscape was treated with a fixed geographic extent and spatial resolution was held constant. The twelve landscape metrics were (1) Number of patches (NP)ötotal number of individual patches in a landscape. As urbanization diffuses throughout the landscape this number is expected to increase, and then decrease as the patches coalesce.
(2) Patch density (PD)öthe number of patches in the landscape, divided by total landscape area. As diffusion increases, the number of urban patches within a fixed extent and their density should increase until coalescence starts, after which they should decrease in number. (3) Total edges (TE)öthe sum of the lengths (m) of all edge segments in the landscape. (4) Edge density (ED)öthe sum of all edge segments divided by the landscape area. This value should have a positive correlation with NP. As the landscape becomes more fragmented, the number of edges increases. (5) Landscape-shape index (LSI)ötotal length of edge in the landscape, divided by the minimum total length of edge possible. This is a standard measure of total edge, or edge density, that includes adjustment for the extent of the landscape. LSI is an interpreted measure of patch aggregation that is expected to increase as the landscape becomes increasingly disaggregated. (6) Largest-patch index (LPI)öthe percentage of the landscape encompassed by the largest patch. As LPI approaches 100, the landscape is increasingly dominated by one patch. (7) Mean patch area (AREA MN)öthe average size of the patches within a given landscape, calculated by dividing the sum of all patch areas by the number of patches; inversely correlated with NP. As the urban landscape becomes more fragmented, the number of patches will increase until the point in the cycle where patches begin to coalesce back together öincreasing the mean patch area. (8) Perimeter-to-area fractal dimension (PAFRAC)öreflects shape complexity across a range of spatial scales. (9) Mean perimeter-to-area (PARA MN)öthe ratio of the patch perimeter (m) to area (m 2 ). This provides a simple measure of shape complexity, but without standardization to a simple Euclidean shape. (10) Mean patch fractal dimension (FRAC MN)öthe mean fractal dimension of all individual patches within the landscape. Fractal dimension for each patch is calculated as 2 divided by the slope of regression line obtained by regressing the logarithm of patch area (in m 2 ) against the logarithm of patch perimeter (in m). The fractal dimension increases as the urban edge increases at a greater rate than the urban area. As edge growth proceeds, this metric will increase initially and there will be periods of decrease as core-area growth reaches the perimeter. (11) Mean Euclidean nearest-neighbor distance (ENN MN)öthe average distance between two patches within a landscape (m), ENN MN will decrease as patches grow together, and increase as there is diffusion and the urban areas expand.
(12) Contagion (CONTAG)öthe negative value of the sum of the proportional abundance of each patch type multiplied by the proportion of adjacencies between cells of that patch type and another patch type, multiplied by the logarithm of the same quantity, summed over each unique adjacency type and each patch type; divided by 2Â the logarithm of the number of patch types; multiplied by 100 (to convert to a percentage) (McGarigal et al, 2002) . This metric is computationally complex and confusing; but it increases as urban patches become increasingly aggregated, and decreases as they become dispersed.
Observed spatiotemporal patterns
Spatial metric analysis of the urban extent for the Houston metropolitan area from 1974 to 2002 reveals the presence of harmonic spatiotemporal patterns in several of the spatial metrics, providing evidence in support of the hypothesized diffusion and coalescence phases of urban growth. The initial theory (Dietzel et al, 2005) suggested that patterns of diffusion and coalescence could be found by using four metrics (number of patches, patch density, Euclidean nearest-neighbor distance, and mean patch size). The authors (Dietzel et al, 2005 ) used a combination of cartographic sources, remotely sensed satellite imagery, and highly detailed aerial photography to map the urban extent in California's Central Valley from 1940 to 2000. With the aid of a similar approach, and FRAGSTAT, the spatiotemporal signature of only these spatial metrics were examined. Results presented in the present paper suggest that there may be other metrics that capture the oscillatory properties of urban dynamics.
The images of growth used discrete samples in time, and dates between these samples were not examined. This forced the assumption that there was a linear growth trend between the sample dates. Although this is not certain, it is nearly impossible to validate what the proper interval for investigating urban growth at a metropolitan scale is without capturing an exhaustive set of data. Because of the planning process in the United States, and the length of time that it takes for significant development to occur on a metropolitan scale, it was felt that the roughly ten-year interval of the data was appropriate for the testing of the hypothesized model of urban growth. Based on these assumptions, harmonic properties were found for seven of the twelve metrics (figure 4, over). As was outlined above, in the description of the hypothesized theory, measures of the number of patches, patch density, Euclidean nearest-neighbor distance, and mean patch size were believed to be best suited for capturing harmonic spatiotemporal properties. What was not expected was that metrics relating to the fractal dimension and perimeter-to-area ratio would exhibit similar properties (table 3, over). This was an interesting result in terms of the use of spatial metrics for the study of urban growth.
The number of urban patches in the Houston metropolitan region increased from 136 in 1974 to 447 in 1984. This was a period of diffusion, which was followed by coalescence between 1984 and 1992 at which time the number of patches had declined to 191. During the time period 1974^92, one cycle of diffusion and coalescence was completed. The time period 1992^2002 is the start of the next cycle, indicated by the increasing number of urban patches, from 191 to 323. Urban patch density is derived from the number of urban patches and exhibits the same spatiotemporal pattern. The oscillatory behavior of the number of urban patches and patch density should have a corresponding wave that is a mirror of the Euclidean nearest-neighbor distance and mean patch size. Mean patch size (and its standard deviation) decreased from 1974 to 1984, increased from 1984 to 1992, and then decreased again from 1992 to 2002. Euclidean nearest-neighbor distance (and its standard deviation) behaved in the same way as mean patch size: decreasing, increasing, and then decreasing again. The behavior of these four metrics, and the patterns in figure 5 , are very similar to the hypothetical pattern shown in figure 1. Although the two waves are not exact mirrors of one another, and their values differ in magnitude, they demonstrate the presence of a harmonic oscillation in the urban system between stages of diffusion and coalescence.
Perimeter-to-area fractal dimension (PAFRAC), mean perimeter-to-area ratio (PARA MN), the standard deviation of PARA MN and mean patch fractal dimension (FRAC MN) were another four metrics that also exhibited harmonic spatiotemporal behavior; this was an unexpected result. As the amount of diffusion increased, so did PAFRACömost likely because of an increase in the number of patches, which led to a more complex landscape. As coalescence`filled in' the area between patches, the landscape became less complex and PAFRAC decreased. PARA MN (and its standard deviation) increased during diffusion and decreased during coalescence. This was similar to PAFRAC, and the measures are clearly linked. As diffusion occurs within the system, the perimeter of urban patches grows at a more rapid rate than does patch area; this increase in perimeter leads to a more complex landscape shapeöas indicated by the increase in PAFRAC dimension. FRAC MN followed an opposite trend from PAFRAC and PARA MN: it decreased with diffusion, and increased with coalescence. This suggests that, whereas diffusion was creating a more complex landscape pattern, the individual patches were simple in structure, and the coalescing of these simple shapes created larger 1970 1975 1980 1985 1990 1995 2000 2005 1970 1975 1980 1985 1990 1995 patches that were more complex than their predecessors. The harmonic behavior of these metrics was not expected, and was not thought to be significant when developing the theory of spatiotemporal urban harmonics, yet they seem to provide important information about urban evolution, and need to be refined and incorporated into the theory. Total edges, edge density, landscape-shape index (LSI), and largest-patch index (LPI) did not exhibit any harmonic behavior. Total edges, edge density, and LSI increased through time; LPI decreased. As well as these four metrics, contagion also only decreased with time. Previous work suggests that contagion is a metric that would decrease with time until coalescence was greater than diffusion, at which point Table 3 . Observed metric values from the application of FRAGSTATS to the urban extent data for Houston for 1974 , 1984 , 1992 . Metrics Year 1974 1984 1992 2002 Number of patches (NP Figure 5 . Plot of number of urban patches and mean patch area through time for the Houston metropolitan region, 1974^2002. As the number of patches increases, the patch area decreasesö indicating that diffusion is taking place. When the number of patches decreases, the patch area increases as the patches merge together in the process of coalescence.
it would increase again. This prior work was done with a 100-year time scale, not the 28-year timeframe of the current work. It may be that the harmonic oscillation of the contagion metric can only be observed over a longer temporal period than the oscillations between the metrics of number of patches, patch density, Euclidean nearest-neighbor distance, and mean patch size. Similar ideas relating to this with regard to urban growth processes oscillating at different temporal scales have been suggested by earlier researchers (Cressy, 1939; Duncan et al, 1962; Hoover and Vernon, 1959; Winsborough, 1962) , and help provide an explanation as to why the contagion metric for the Houston metropolitan area did not exhibit the oscillatory behavior that was observed with other metrics. The next step in this area of research should be to find other examples of this process occurring in urban systems, so that the theory can be more formalized with a broader set of examples. Formalization of the theory will lead to the development of a predictive model of urban dynamics, as opposed to the mostly descriptive models of Von Thu« nen (1826), Burgess (1925) , Hoyt (1939) , and Harris and Ullman (1945) .
Furthering urban theory
Metric analysis of spatiotemporal urban growth data from the Houston metropolitan region provides empirical evidence that the processes of urban diffusion and coalescence occur in real-world systems, providing a link between theory and empirical evidence. The harmonic oscillation between stages of diffusion and coalescence is apparent in the temporal behavior of the spatial metrics used: specifically, the number of urban patches, patch density, Euclidean nearest-neighbor distance, and mean patch size (figure 5). The behavior of these metrics confirms the hypotheses presented by Dietzel et al (2005) . In this previous work on this topic, the possibility that there were other metrics that might identify the presence of a spatiotemporal oscillation in urban growth was ignored; conclusions were based on nearest-neighbor distance, and patch and edge density. We can now conclude that there are other metrics, including perimeter-to-area fractal dimension, mean patch perimeter-to-area ratio, and mean patch fractal dimension, which can be helpful in detecting harmonic oscillation between phases of urban diffusion and coalescence. Scaling up refers to a change in extent, whereby after one cycle of diffusion and coalescence it becomes necessary to increase the spatial extent of the study area to detect the next harmonic cycle. The results in this paper suggest that this may not be the case. Over the time period of the study, the data suggest that Houston has diffused, coalesced, and is in the process of diffusing againöyet the contagion metric is still decreasing. This has two implications. First, diffusion and coalescence may occur multiple times within a fixed spatial area until the contagion metric reaches a value of 50 (that is, half of the landscape is urban and half is nonurban). This is the time when scaling up would be more appropriate. At present it is still unclear what degree of scaling up is necessary to observe diffusion and coalescence best at the next spatial extent, and this provides ground for future work in theory development. Second, as was previously suggested, the harmonic oscillation of urban diffusion and coalescence, as reflected by the spatial metrics, occurs at different temporal scales. Metric values for the number of urban patches and Euclidean nearest-neighbor distance may exhibit harmonic trends on a shorter time scale than that of other metrics, such as contagion. This suggests that the processes of diffusion and coalescence are actually comprised of multiple waves, each with different periods.
Although this study has established a clear link between empirical measurements and the hypothesized theory of urban growth, there is no clear link between the processes that lead to the observed spatiotemporal patterns. The suggestion that the spatiotemporal patterns of urban diffusion and coalescence are comprised of multiple waves with different periods may be indicative of the interactions between multiple urban processes. The fact that urban growth is driven by local factors (that is, topography, transportation networks, policy, and initial conditions) may lead to discrepancies between observations and expected theoretical patterns in different cities. Differences are to be expected and may be found in the form of amplifications, lagging, or damping of the metric signatures. In the case of metric analysis, the initial conditions are not the true initial conditionsörather, they are the first observation recorded of an urban areaöso it may be difficult to tell at what point in a cycle of diffusion and coalescence a developing urban area lies.
The results presented here provide supporting empirical evidence for a new theoretical framework that addresses the dynamics of urbanization. Evidence of urban diffusion and coalescence suggest that development is not just a diffusive process, in which development merely disperses outward from existing areas, but one followed by a temporal lag during which gaps in open space are filled in. In the development of this theory, one of the goals was to provide a means of improving the modeling of the spatiotemporal dynamics of urban growth. The next step will be to develop an experimental model to replicate these patterns. Analysis of the Houston metropolitan region has provided adequate information to begin the development of a general model of diffusion and coalescence. This type of model might be able to serve as a guide or reference for more accurate representations of dynamic spatial processes ösomething that is greatly needed if spatial models are to be taken seriously outside of the academic community.
